Research on neighborhood effects draws suggestive links between local spatial environments and a range of social, economic, and public health outcomes. Here, we consider the potential role of genetics in the geography of social stratification in the United States using genomic data from the National Longitudinal Study of Adolescent to Adult Health. We find that those with genotypes related to higher educational attainment sort into neighborhoods that are better educated and have higher population densities, both descriptively and using formal school and sibling fixed-effects models. We identify four mechanisms through which this geographic sorting on genetic endowment can magnify social stratification: assortative mating, social-genetic effects, gene-by-environment interactions, and gene-by-social-genetic interactions. We examine the presence of the latter three in our data, finding provisional yet suggestive evidence for social-genetic effects that putatively amount to about one-third of the influence of one's own genomic profile. We find no evidence, however, for the presence of interactions between environments and individual genetic background. Collectively, these findings highlight the potential for geographic sorting on genotype to emerge both as a key methodological concern in population genetics and social science research and also a potentially overlooked dimension of social stratification worthy of future study.
A large body of social science scholarship has persuasively emphasized the importance of geography in unpacking social, economic, and health outcomes. Cities, neighborhoods, and other local environments are thus conceptually understood not merely as passive spatial "containers" of granular behavior but influential forces in their own right that affect trajectories over and above individual-or familylevel factors. From the work of Wilson (1987) , who documented the social and economic dislocation of black Americans induced by the persistent spatial concentration of urban poverty wrought by deindustrialization, to Chetty and colleagues (2014; , who have animated a growing body of literature on the geography of mobility and opportunity in the United States (Aghion et al. 2019; Berger and Engzell 2019; Sampson 2019) , researchers have provided much suggestive evidence on the importance of space and place in untangling the contours of stratification and inequality. The recent development of genomic indicators of phenotypes related to social outcomes produced by genome-wide association studies (GWAS) and their integration with survey data offers a novel opportunity to explore whether the geographic distribution of specific genotypes may play a heretofore largely unexamined role in producing (and reproducing) structural disadvantage.
Here, we focus on the phenotype of educational attainment, a straightforward and powerful factor in determining economic mobility and labor market success (Hout 2012; Torche 2011) . Using survey data from the National Longitudinal Study of Adolescent to Adult Health (Add Health) along with a newly developed polygenic scores (PGSs) for educational attainment (Lee et al. 2018 ), we first descriptively document whether differential neighborhood attainment in adulthood and long-distance geographic migration is associated with educational PGS. We examine whether respondents with higher PGSs for educational attainment were more geographically mobile, made more long-distance (>25 miles) moves between adolescence and young adulthood, and moved into more advantaged neighborhoods (or remained in environments that realized outsized long-run secular gains compared to their peers[i.e., those with a higher proportion of college-educated residents, higher home values, etc.]). After finding suggestive descriptive evidence of sorting and variation in regional mobility on genotype, we turn to more formal analyses, using school fixed effects and sibling-difference models to illustrate how genetic background predicts neighborhood characteristics in adulthood. Finally, with evidence of residential sorting on genotype over time, we consider whether the systematic migration of individuals with higher PGS for educational attainment into more advantaged environments could magnify social and economic stratification over and above the direct influence of neighborhood attainment through four hypothesized mechanisms: (1) assortative mating, (2) "social-genetic effects" (i.e., the influence of the genome of one's environmental peers over and above one's own genetic background), (3) gene-by-environment interactions (GxE; the moderation of genetic associations by the social environment), and (4) and "social epistasis," or the moderation of the influence of one's own genome by the "social genome" (gene-by-social-genetic interaction [SGxG] ). Because testing for marriage homogamy is not feasible with the data in Add Health, we focus on the latter three phenomena in our analyses. We also discuss the potential methodological implications of selection processes, including on the results we obtain here.
This article makes important contributions to the work on spatial inequality and putative neighborhood effects in several ways. First, we descriptively show how neighborhood attainments in adulthood correlate with alleles related to education, whereas more formal sibling fixed-effects models suggest that this relationship is plausibly causal and not merely reflective of social factors like parental education or other resources (e.g., neighborhood amenities) common within families. Although this apparently active selection on genetic endowment has methodological implications for research examining neighborhood effects and gene-by-environment interactions-as it demonstrates that social environments are not strictly exogenous to genetics-we focus on what influence this finding may have on broader trends in inequality and mobility. We find suggestive associations between the genetic environment (i.e., the average PGS of one's neighborhood peers) at the neighborhood level during childhood and educational attainment in adulthood even among respondents in common school environments and net a suite of social covariates. Taken together, these findings suggest that integrating genetics into social science research has the potential to add to our understanding of phenomena like neighborhood effects, attainments, and stratification insofar as it is both socially and individually relevant for environmental selection and educational credentials.
The Genetics of Education and Selection on Genome
PGS are quantitative indicators of genetic influence 1 and are crafted by drawing associations between the variation in specific single-nucleotide polymorphisms (SNPs)-or variations of specific alleles in the genome across individuals-and traits (or phenotypes) of interest. The relative influence of specific SNPs varies by the strength of their association with the phenotype and is weighted accordingly and summed to produce an overall standardized score that reflects genetic disposition to exhibit a given trait. Associations between genetic background and social environments (i.e., gene-environment correlations, or rGE) may be the product of active, passive, or evocative selection mechanisms. In active selection, individuals seek out environments that better comport with their behavioral predilections, which are themselves partly genetically patterned. For example, an individual with a PGS that is linked to an increased likelihood of obtaining a college degree may actively select into environments with more educational resources or cultural amenities. In passive selection, environments are merely inherited, as they would be for the children of parents who perhaps themselves actively selected into places based on their genetic profiles; insofar as children share their genetic background with parents, such correlations would persist intergenerationally. Evocative selection is a process whereby genes evoke a selection response indirectly. For example, a student may exhibit behaviors or skills in classes that are linked to his or her cumulative genotypes, and teachers may respond to these behaviors by placing the student in a context that further fosters growth and development. In this case, genotype is linked to an outcome because it evokes an environmental response that promotes the outcome.
To tease out whether PGS indicators reflect causal, influential genetic variation in the first place rather than merely reflecting signatures of social privilege or cultural differences, some work has used a sibling-difference analytic approach that exploits within-family genetic "lotteries" and zeroes out common environmental, ancestral, and indirect genotypic influences (i.e., parents' genotype indirectly influencing outcomes through "genetic nurture" , which has been conceptualized as a social-genetic effect in the literature [Liu 2018] ). For instance, recent work shows that siblings with higher PGSs for education realize significantly higher degree attainment and greater intergenerational mobility using family background as a fixed effect . Indeed, recent GWAS that produce one of the newest vintages of PGS for educational attainment (which our analyses are based on) implicate a number of SNPs that are involved in neurological functioning and point to plausibly biophysical pathways between the genome and outcomes that suggest cognitive ability as a mechanism (Lee et al. 2018) .
Still, the residual gap between the predictive power of PGSs with respect to cognitive performance and educational attainment-along with the lack of research that directly examines putatively biological pathways between genetic variation and phenotypes-preclude any confident claims as to what extent scores reflect ability. Even if education PGSs are not culturally patterned or population structure is convincingly accounted for in a research design, it is hardly clear with the current dearth of biological evidence that it reflects cognitive performance rather than other behaviors or characteristics that may be advantageous in higher education or the labor market but meaningless in any substantive sense (e.g., physical features or appearance). Moreover, genetic variants related to education have been associated with outcomes that suggestively operate through indirect channels over and above the phenotype (i.e., degree acquisition), which further complicates drawing causal pathways between the genome and outcomes. For instance, recent work associates alleles for educational attainment with wealth accumulation through a process not entirely mediated by college credentials, which suggests more nebulous pathways of risk preference and other behavioral complexities that are not reducible to "ability" or cognition per se (Barth, Papageorge, and Thom 2018) . For this reason, research that examines the influence of PGS related to a complex social phenotype like educational attainment must remain largely circumspect about whether, say, PGS predicts college completion through a channel like cognitive skill as opposed to more nebulous linkages or some combination thereof.
Spatial Sorting, Neighborhood Effects and Attainments, and Mechanisms of Stratification
Although estimating causal neighborhood or peer effects is notoriously fraught due to concerns of self-selection (Angrist 2014; Feld and Zölitz 2017; Graham 2018) , and identifying concrete mechanisms of action is difficult even with more robust analytic approaches (Minh et al. 2017) , recent research that uses a variety of methodological tools (e.g., instrumental variable approaches or natural experiments) to address bias on unobservables seems to generally suggest the importance of the social environment in contributing to outcomes over and above factors at the individual and family levels. For instance, recent work in the United States has found measurable contributions of school and neighborhood environment on postsecondary school performance (Galster et al. 2016) and educational attainment and wages in adulthood (Altonji and Mansfield 2018; Chetty and Hendren 2018) , whereas similar research in the Netherlands documents a significant association between neighborhood deprivation and adult earnings (van Ham, Boschman, and Vogel2018) .
Still other research in this vein has found that the effect of neighborhood disadvantage on outcomes like school performance or teenage pregnancy hinges on the recency and timing of exposure in addition to the cumulative total, which stresses the likelihood that individuals may be more sensitive to their surrounding environment during specific stages of the life course but particularly adolescence (Hicks et al. 2018; Kleinepier and van Ham 2018; Levy 2019; Levy, Owens, and Sampson 2019; Wodtke 2013; Wodtke, Elwert, and Harding 2016) . Results on the links between neighborhoods and other social environments and health outcomes like body mass index (BMI) are somewhat equivocal (Arcaya et al. 2016 )-largely owing to the methodological challenges of working with observational epidemiological datayet there is some evidence of general proximity effects, whereby obesity spatially diffuses on a regional scale over time (Agovino, Crociata, and Sacco 2019) and is influenced by poverty and demographic composition at the local levels (Yang and South 2018) .
Work on neighborhood attainment in the United States-how, where, and why individuals sort into and out of more or less advantaged environments over time or how neighborhood conditions change around "stayers" who remain in situ-has largely focused on the ethnic and racial dimensions of neighborhood composition and sorting due to the historical pervasiveness and severity of residential segregation. In their study of the legacy effects of the Great Migration, Leibbrand et al. (2019) found compelling evidence that second-generation black families who migrated north were more successful at translating socioeconomic status (SES) into improved neighborhood conditions compared to those who stayed in the South. Research examining more recent birth cohorts, however, has found that African Americans are less likely to convert baseline neighborhood or family-level advantages into moves up the residential opportunity matrix compared to whites (Brazil and Clark 2017; South et al. 2016) or second-generation immigrants (Tran 2019) . Other research that decomposed differences in neighborhood attainments between whites and blacks found that in situ changes in neighborhood conditions largely explain the growth in these gaps along the life course (Huang, South, and Spring 2017) , though long-distance (i.e., inter-vs. intracounty) moves do tend to be associated with marked improvement in local environments across subgroups (Sampson and Sharkey 2008; South et al. 2016) . Other research using instrumental variable and formal mediation techniques to identify plausibly causal through-lines between residential segregation and attainment finds suggestive evidence of neighborhood effects acting as the nexus between initial conditions and residential context in adulthood (Pais 2017) .
Research examining the spatial distribution of PGSs related to outcomes of interest to social scientists (e.g., educational attainment, BMI, depression, etc.) rather than minor ancestral differences that are evident across the genome and the methodological bias they can induce is more limited because of the relatively recent integration of genomic indicators into survey data. In Great Britain, researchers using data from the UK Biobank project found evidence that PGS related to educational attainment exhibits a significant level of spatial clustering and that this distribution is patterned based on SES in the expected fashion, with lower-SES regions containing populations with a greater frequency of attainment-decreasing alleles (Abdellaoui et al. 2018 ). In the United States, recent work examining clustering at the state level using Health and Retirement Study (HRS) data found relatively modest levels of homophily of PGS for educational attainment (Rehkopf, Domingue, and Cullen 2016) , which also appears to remain fairly stable across the life course for these cohorts (Domingue et al. 2018b) . Contemporaneous work undertaken independently from ours, however, has shown that risk alleles related to lower educational attainment and lower age at first birth are associated with neighborhood deprivation indices and downward intergenerational mobility among respondents in Add Health (Belsky et al. 2019 ). This suggests that modest levels of state-level clustering or across-state variation in average PGS may belie more uneven spatial distribution patterns and genetic assortment at smaller levels of geography, such as the county or neighborhood.
Aside from the possible direct benefits of converting genetic endowment into better neighborhood conditions in adulthood, the geographic clustering of a genetic predisposition for education may further impact social and spatial stratification outcomes if mechanisms exist that act to increase baseline gaps based on the interplay between social environments, individual genetic background, and the genetic background of proximate individuals. Perhaps the most straightforward implication of spatial sorting by genetic background with respect to social stratification is assortative mating, whereby populations with higher PGS for attainment sort into environments where they are more likely to form families with like individuals and vice versa. Although teasing out the pathway between spatial genetic homophily, assortative mating, and intergenerational outcomes is complicated by data availability (and, indeed, impractical with the dataset we use here), there is some suggestive evidence of general genetic assortative mating in the United States (Domingue et al. 2014 ) and the United Kingdom (Hugh-Jones et al. 2016) . Still, the available evidence suggests that genetic homogamy is rather trivial compared to that based on social factors like educational attainment (Conley et al. 2016a) , and the interpretation of results is complicated by considerations of how much it is attributable merely to coupling on ancestry and ethnicity (Abdellaoui, Verweij, and Zietsch2014) .
It is also possible that the "social genome" (i.e., the average genetic endowments of one's peers in a local environment) can confer additional advantages on individuals, which would further magnify stratification patterned on geography. Although the application of the peer effects conceptual framework to population genetics research is relatively novel, the limited extant work does suggest that the social-genetic environment-that is, the average PGS for a given trait among one's proximate peers-may have an influence over and above one's own genetic endowment. Using Add Health data, research has found average educational attainment PGS among alters from both schoolmate and friendship networks to be significantly associated with educational outcomes, net the ego's own PGS (Domingue et al. 2018a) . Similar work finds that state-level mean PGS for education predicts attainment net the individual's score in HRS data (Domingue et al. 2018b ). Other recent research deploys quasiexperimental analytic strategies to draw a plausibly causal through-line between the genetic propensity to smoke among school alters, peer smoking behavior, and ego smoking behavior (Sotoudeh, Conley, and Harris 2017) . In a similar line of work, researchers have also examined the influence of the parents' genomes on educational outcomes net the children's own endowment, whereby alleles that are not transmitted intergenerationally nevertheless have a putative effect on outcomes through environmental channels, or "genetic nurturance" Kong et al. 2018; Liu 2018) .
Another consideration is whether there is a moderation of the effect of one's own genome based on that of one's peers-a SGxG interaction, or social epistasiswith similarly suggestive but provisional evidence that the genome of schoolmates and friends significantly affects the magnitude of the effect of one's own genetic endowment on completed education (Domingue et al. 2018a) . Finally, there is the possibility of GxE interactions, whereby social environments-for example, the proportion of the neighborhood that is college educated or living in povertymoderate the influence of one's own genome on outcomes of interest. Although GxE (or SGxG) analyses are subject to the same methodological pitfalls involving possible confounding on selection (and have been persuasively argued to be altogether misspecified in a great deal of past work [Keller 2014]) , recent research suggests that school environments significantly moderate the association between genetic endowments and college completion in the United States (Trejo et al. 2018 ). Other research examines how genetic penetrance-or the power of a given PGS to predict an associated phenotype-changes across birth cohorts, implicitly modeling associated unique differences in historical context as environmental conditions. Recent work in this vein finds that education PGS has become less predictive with respect to actual attainment in more contemporary cohorts, presumably because of easier access to education over time (Conley et al. 2016b ).
Materials and Methods

Data
Add Health is a nationally representative study of children and adolescents who were in grades 7 to 12 in the 1994 to 1995 school year and consists of about 12,000 respondents from more than 130 schools in the core study, or more than 20,000 including supplemental oversamples (e.g., twins, siblings, etc.). Subsequent waves of data collection consisted of an immediate follow-up in 1996 (wave 2), another from 2001 to 2002 when children were transitioning to adulthood (wave 3), and another from 2007 to 2008 when they were approximately 24 to 32 years of age (wave 4).
Measures
Neighborhood characteristics and average polygenic scores. Though respondents in Add Health are not assigned geocodes that indicate specific location, supplementary indicators based on census data (1990 for the first wave, 2005-2009 American Community Survey data for the fourth) are available at the county, tract, and block group level for the first two waves, and at the tract level for the latter two. For our descriptive analyses, we use indicators of population density (thousands of persons per square mile), proportion of the population that is older than 25 years of age with a college degree, median home value, and median household income at the census tract level. For our main predictors of interest in the social-genetics estimations, we first calculate leave-out averages for educational attainment PGS at the census tract level. That is, we calculate the average PGS of a given respondents' neighborhood alters within a common census tract in the first wave (see Figure 1) .
Though specific identifiers are unavailable, Add Health provides grouping codes that can be used to place respondents in common neighborhood environments. Though the number of respondents used to calculate these average PGS figures at the tract level are fairly robust (median = 26; mean = 37.67), there are some cases The spatial dispersion of individuals within a common school district and their association with different census tracts within that common environment. Spatial data were jittered/dispersed randomly to obscure the relative location of individuals, and only a subset of the total is shown. The five tracts pictured have the most affiliated respondents in this given school district; others are shown as gray dots. The one-mile buffer node was chosen randomly for illustration and has no real-world significance (i.e., it does not signify the school or other municipal feature).
where relatively few numbers of alters are used to construct means. We undertake sensitivity analyses that deploy different thresholds of the number of neighborhood alters used to construct tract-level measures and discuss those in the results. In an effort to supersede tract boundaries, which often correspond to geographic or infrastructural features but are ultimately arbitrary delineations, we also used spatial data that assigned dummy coordinates to respondents within common communities in the first wave. From these raw spatial data, we constructed a distance-weighted, leave-out average PGS based on peers within a one-mile radius. Because many respondents in Add Health live in environments that are more rural in character (or more suburban within urban macroenvironments), we obtained fewer valid observations for this than tract-level measures, which capture anybody within a common census boundary. Figure 1 graphically illustrates an example of this dispersion.
Educational and geographic mobility outcomes. We used two indicators of educational attainment in adulthood, derived from the fourth wave, when the youngest cohort was about 24 years old. The first is whether the respondent had attained a four-year bachelor's degree. The second is total years of reported education. For our descriptive and school/family fixed-effects estimates, we used indicators of the total distance in miles between waves and primarily concentrate on the total distance between locations at waves 1 and 4. From this, we also calculated a binary indicator of whether the respondent moved more than 25 miles, which we use to proxy interregional moves. We also include relevant covariates, including age, sex, and cognitive performance at the first wave (as captured by Peabody Picture Vocabulary Tests). For mixed-effects models predicting educational attainment that do not account for family environment, we additionally control for parental education and the proportion of the wave 1 tract that was college educated to capture neighborhood conditions. Descriptive statistics for measures described here are available in Table A1 of the online supplement.
Analytic Approach
For descriptive analyses, we took average neighborhood and geographic mobility figures within education PGS quintiles (see Table A2 of the online supplement for means and standard deviations by quintile). We then employ a more formal school and sibling fixed-effects approach that examines whether individual genetic background is associated with neighborhood attainment outcomes over and above the associated social factors like degree attainment or parental SES. First, we estimated neighborhood attainments in adulthood using the school environment as a fixed effect and control for other individual factors like parental education and cognitive performance. We then separately analyzed neighborhood attainments among respondents of any relation in common household environments and, more conservatively, among full siblings and dizygotic twins. By modeling the home and family environment as a fixed effect, we more powerfully account for resources that vary between and not within households, like wealth, parental education, and neighborhood. In the school and family fixed-effects estimates, we control for sex, age, cognitive performance in the first wave, wave 4 state fixed effects, and completed education in the fourth wave. Finally, in our models examining social-genetic effects and interactions, our preferred estimates used a mixed-effects approach where schools are used as the grouping variable and education outcomes are predicted with tract-level and spatially rendered PGS, net age, sex, cognitive performance in wave 1, proportion of wave 1 census tract college educated, and parental education. Because we found tract-level college education to evince strong associations with our outcomes of interest, whereas other variables like proportion in poverty or racial or ethnic composition add nothing significant to our predictions, we parsimoniously exclude other environmental indicators. As part of the wave 4 data collection, saliva samples were obtained from consenting participants (96 percent of wave 4 respondents), and a total of 12,200 agreed to have their sam-ples archived for future projects. Genotyping was performed using the Illumina HumanOmni1-Quad BeadChip and the Illumina Omni2.5-Quad BeadChip. After quality control procedures described in great detail elsewhere (Highland et al. 2018) , genome-wide data are available for 9,974 individuals.
Polygenic Scores for Education
Our analyses use the PGS for education that is made available to Add Health researchers (Braudt and Harris 2018) . Briefly, a PGS is simply the product of the effect size for a particular allele and an individual's genotype at that loci, summed across the entire genome. This process is implemented using the PRSice wrapper for R that invokes the Plink software. Detailed information for this method is described by Chang et al. (2015) .
Population Stratification and Ancestry
Much of the work on the geography of genetics and its spatial distribution focuses on ancestral differences insofar as they constitute fundamental methodological concerns both for researchers who construct PGS indicators and those that apply them empirically. Ancestral differences that are patterned by geography can confound such associations insofar as they may dovetail with very small differences in allele frequencies and cultural variation in phenotypes and induce correlations that are not truly causal in nature. In the paradigmatic "chopsticks gene" example (Hamer and Sirota 2000) , researchers drawing associations between genetic variants and the use of chopsticks would pick up associations that reflected East Asian ancestral markers rather than alleles that substantively affected utensil use, as it is a socially and culturally but not biologically patterned behavior. Indeed, early work in this vein documented a rather robust association between genetic variation and geographic location on global (Wang, Zöllner, and Rosenberg 2012) and continental scales (Novembre et al. 2008 ). More recent research that benefits from comparatively advanced computational power and refined methodology goes even further and documents subtle but nontrivial differences in genetic variation reflecting ancestral differences even within ostensibly homogenous populations, including within the United Kingdom (Haworth et al. 2019) , Finland (Kerminen et al. 2017) , and Italy (Sazzini et al. 2016) . These subnational regional differences in the distribution of alleles demonstrably co-occur with variation in phenotypes; thus, including markers of ancestry in contemporary population genetics research is a crucial first step in addressing (but not definitively solving [Berg et al. 2019] ) methodological bias induced by even very fine-grained population stratification. In keeping with best practices, we relegate our analyses to those with primarily European ancestry, as PGSs are poorer predictors of phenotypes for other groups, and control for the top 20 principal components related to ancestry in all models except for those using full siblings and dizygotic twins.
Results
Descriptive Findings on Geographic Mobility and Neighborhood Attainments
We first descriptively analyzed how PGS for educational attainment relates to neighborhood conditions and geographic migration from adolescence to adulthood in Add Health. Our descriptive analyses are based on a subsample of unrelated, European-ancestry respondents who were successfully genotyped and had neighborhood information available for both the first and fourth waves in 1994 to 1995 and 2007 to 2008, respectively (n = 4,013) . We base our findings on respondents with European ancestry-which is customary in the genomics literature-because GWAS are overwhelmingly composed of these respondents, and thus PGS derived from them are demonstrably poorer at predicting outcomes using more diverse populations (Lee et al. 2018 (Lee et al. :1116 . We unpack the implications of this crucial limitation further in our discussion. We construct quintile bins of PGS for educational attainment for these respondents and report means and 95 percent confidence intervals (CIs) for tract-level educational attainment (proportion of those 25 years old or older with college degrees), median owner-occupied home values, household income, and population density at waves 1 and 4, when the children were adolescents and young working-age adults, respectively (see Figure 2 for a visualization and Table  A2 in the online supplement for corresponding values).
We find significant baseline differences between the highest and lowest PGS quintiles in neighborhood education, household income, and home values. For instance, the proportion of the home census tract with a college degree in adolescence was about 30 percent higher for the top quintile (mean = 26.99; 95 percent CI: 25.90-28.0) compared to the bottom (mean = 20.60; 95 percent CI: 19.8-21.40) in the first wave. The only neighborhood characteristic that exhibited no statistically significant baseline differences between quintiles was population density (see Table  A2 in the online supplement for one-way analysis of variance significance levels). However, gaps between the lowest and highest PGS quintiles in tract educated, median home value, and particularly population density grew significantly as respondents aged into adulthood. Although those in the top PGS quintile lived in tracts that were about 20 percent more densely populated at the first wave, by the fourth wave, it was more than double that of their peers in the lowest quintile. We observed similar trends with respect to long-term geographic mobility as measured by total miles between first and fourth wave locations and the proportion who moved more than 25 miles from their childhood home, which we use to proxy interregional as opposed to within-metropolitan relocations. Respondents in the top quintile, on average, migrated 257 miles between adolescence and adulthood (95 percent CI: 220.12-294.43), compared to 132 miles for their peers in the lowest quintile (95 percent CI: 109.50-156.50), and were about 60 percent more likely to migrate more than 25 miles over the same timeframe.
Figure 2:
Means and standard errors for neighborhood characteristics in waves 1 and 4, distance between wave 1 and wave 4 locations, and proportion who migrated more than 25 miles by education PGS quintile. 1k, 1,000; Avg, average; Dist, distance; m, miles; Pct, percentage; Prop, proportion; Q1, quintile 1; Q2, quintile 2; Q3, quintile 3; Q4, quintile 4; Q5, quintile 5; Val, value; W1, wave 1; W2, wave 2; W3, wave 3; W4, wave 4.
School Fixed Effects and Sibling-Difference Models
Although our descriptive estimates suggest geographic sorting on genotype, we seek to test whether individual PGS predicts neighborhood attainment and mobility using a more formal approach in which we can account for covariates that relate to both genetic endowment and the school and home environment. Using school as a fixed effect and controlling for educational attainment in adulthood among other factors, we find that the PGS for education significantly predicts the population density, the proportion of the population with a college education, and median home value in neighborhoods in wave 4, along with the likelihood of having migrated more than 25 miles between the first and fourth waves (see Table 1 for results and Figure 3 for visualized regression lines). Although the magnitude of the effects is modest compared to actual educational credentials-even a two-standard deviation increase in educational PGS would be one-third of the effect size of a degree on tract-level proportion of those who were college educated in wave 4-genetic background appears to influence geography over and above a litany of other factors.
We next performed analyses using household fixed effects and sibling-difference models, wherein we exploit the random variation in alleles related to education within families to draw a more convincing through-line to outcomes of interest. By looking at full siblings and dizygotic twins, who share a part of their genomeon average about half-but have the same family background and neighborhood environments, we resolve questions of confounding on ancestry as a matter of course and zero out the influence of traits like parental education, parental genetic endowment and the indirect environmental pathways through which it operates, neighborhoods, and other contextual conditions. In these models, the PGS for education significantly predicts a standardized natural log of density and proportion of those who are college educated in wave 4 census tracts (see Tables 2 and 3 for results and Figure 4 for visualized regression lines) but not other neighborhood conditions. Estimates were rather similar using either household or the more conservative sibling fixed effects. Notably, educational PGS within households and sibling dyads significantly predicted wave 4 tract population density, whereas having a college degree did not. A college degree significantly predicted the proportion of wave 4 tract college educated only in the household fixed-effects model (see column 3 of Table 2 ).
Social-Genetic Associations and Interactions
To explore potential social-genetic associations, we predict both degree attainment and years of education in the fourth wave using measures of tract-level average education PGS and a distance-weighted average within a one-mile radius centered on each respondent in the first wave (see Materials and Methods). These measures capture the average PGS of Add Health peer respondents in the same neighborhoods (census tracts) or spatial buffer zones, not including the individual for whom the average is being obtained (i.e., leave-out averages). Our preferred estimates (see Tables 4 and 5 ) are based on a mixed-effects approach that allows random slopes Table 1 and produced using the visreg package in R (see Breheny and Burchett [2017] ). Edu, educated; FE, fixed effects; Inc, income; MM, miles moved; Scid, school ID. across the grouping variable (schools), which has analytic benefits and arguably returns more conservative estimates than pooled ordinary least squares (OLS) or fixed-effects approaches (Bell, Fairbrother, and Jones 2019) . We have also presented fixed-effects estimates in our main specifications that we found to be substantively similar (see columns 5 and 6 in Tables 4 and 5 ). We control for cognitive performance in the first wave; sex, age, proportion of census tract that was college educated in the first wave; whether a parent attended college; and the respondent's own educational PGS. We also control for the first 20 principal components related to ancestry in our models in an effort to mitigate the likelihood that results are driven by fine-grained ancestral homophily at the local level.
In our mixed-effects logistic regression models, we find both tract-level average PGS (odds ratio [OR] = 1.15, p = 0.006) and spatially determined, distance-weighted average PGS (OR = 1.12, p = 0.04) to be significantly associated with college completion in wave 4 (see Table 4 and Figure 5 for a visualization of the regression lines). Thus, a single standard deviation increase in neighborhood average PGS is associated with just less than 15 percent increased odds of completing college. In our linear mixed models, however, only tract-level average PGS significantly predicted years of education (b = 0.10, p = 0.014). Because of the provocative associations between education PGS and gains in neighborhood density from adolescence to adulthood, we also stratified results on urbanicity using Add Health's indicator of whether the respondent was in a block group located in a densely settled region of 50,000 or more people as determined by the US Census Bureau (see Tables A3  and A4 in the online supplement for stratified estimates as well as Figure 5 for visualizations of these regression lines). We find that the significant associations in the main specifications for college completion are driven by respondents who lived in nonrural environments like cities and suburbs; coefficients of interest for these models were more than three times the magnitude of those based on nonurban respondents (Table A3 of the online supplement), with even greater differences among the OLS specifications (Table A4 of the online supplement). One important consideration is whether we are proxying for friendship networks by using neighborhood and spatial renderings of average educational PGS that previous research has shown to significantly predict years of education in adulthood (Domingue et al. 2018a ). To assess whether neighborhood and spatial measures of the genomic environment are proxying the influence of friendship networks, we devised an average PGS score based on school and home survey data for which respondents were able to elect up to 10 friends. We constructed undirected friendship networks (i.e., respondent A is considered a friend of respondent B even if their selection was not reciprocated) and took the average PGS of each individual's roster. Running our main mixed-effects specifications with the friendship network PGS as an additional covariate, we see that they are clearly and significantly associated with educational attainment, and the coefficients for tract and buffer PGS are smaller in magnitude and not statistically significantly predictive (see Table A5 of the online supplement). When we include friend PGS in stratified models, however, we find that the significant neighborhood associations persist in the urban subgroups and that friendship circles are apparently much less influential outside of rural environments, even evincing a negative relationship with years of attainment for those raised in denser locales (Tables A6 and A7 of the online supplement). Although we cannot rule out a mechanical explanation for the divergence in the results, it seems as though friendship networks (and neighborhood conditions) are differentially influential based on the environmental context but specifically the nature of the built environment and the proximity between individuals it induces.
We also produced estimates that restricted cases to where the number of neighborhood alters used to construct the tract-level mean PGS was at least 5 or 10 (Tables Tables 3 and 4 and produced using the visreg package in R (see Breheny and Burchett [2017] ).
A8 and A9 of the online supplement, respectively). Somewhat counterintuitively, excising cases in which relatively small numbers of neighborhood alters are used to devise mean PGS biases the sample to more rural respondents, who tend to evince larger rosters of neighborhood alters-an average of 45.5 compared to 20.26 for those in urban areas-likely because of their spatial extensiveness of census tracts in these areas. Similar to friend PGS estimates, restricting analyses to larger neighborhood alter rosters affects the main specifications, but tract-level PGS only becomes more influential in the urban subgroup. Again, tract-level PGS exhibits a negative association with years of education in the rural subgroup, though it is not significantly predictive. We also produced estimates based on neighborhood alter PGSs that were of European ancestry only and found the results were not sensitive to this qualification (see Table A10 of the online supplement).
Finally, we examined whether interactions between individual genotype and social and genetic environments were present in our data (see Tables A11 and A12 of the online supplement). We duplicated the approach for the social-genetic effect estimates in examining social-genetic associations using school as the grouping variable and added interaction terms between individual PGS and the proportion of the tract that was college educated along with interactions between those variables and each covariate. We found no evidence of GxE interactions in either mixed effects or naive OLS/logit specifications for either education outcome. We similarly found no evidence for the presence of SGxG, or social epistasis, when we interacted individual genome with neighborhood PGS rendered either at the tract level or as a distance-weighted measure.
Discussion
We began by examining how geographic migration, baseline neighborhood characteristics, and neighborhood attainment in adulthood related to PGS for education. First, we found suggestively large gaps in baseline neighborhood characteristics between the highest and lowest PGS quintiles and that these gaps largely grew over time as children entered adulthood. To confirm whether respondents were selecting into environments based on their genetic profile over and above other relevant characteristics (e.g., parents' education), we then used school, household, and sibling fixed-effects models that account for common environmental (e.g., tract characteristics) and genetic (e.g., ancestral origin) factors, and we found that PGS significantly predicted neighborhood attainments in proportion of the population with a college education and population density in adulthood across specifications. With respect to migration, we conceived of long-distance moves as indicative of the opportunity to pursue college and labor market opportunities outside of the home metropolitan environment and thus a putatively positive outcome distinct from raw residential turnover, which could signal dislocation and tenure instability. The concrete implications of long-distance migration are somewhat difficult to ascertain, however, because of equivocal findings of the returns to interregional mobility. Current research persuasively argues for negative macroeconomic long-run effects of housing inelasticity in productive regions (Hsieh and Moretti 2019) , which would imply greater gains from migrating, and highlights geographic immobility as a crucial factor in labor market disequilibrium. Even if spatial reallocation of workers results in greater aggregate levels of economic productivity, systematic migration may not necessarily deliver labor market returns on an individual level. Indeed, recent work offers no solid answers on whether interregional moves ultimately benefit movers, and the results of such work are usually sensitive to the dataset and Figure 5 : Visualized regression lines for mixed-effects (ME) results on tract-and buffer-based average education PGS predicting education (whether attained a college degree and years of completed education) in wave 4. Regression lines (blue for linear, purple using Loess smoothing) are consistent with the estimates contained in Table 5 and produced using the visreg package in R (see Breheny and Burchett [2017] ). Edu, education; W4, wave 4. analytic approach (Hyatt et al. 2018; Johnson and Schulhofer-Wohl 2019) . Still, other research has persuasively associated regional geographic mobility with positive intergenerational mobility outcomes (Borck and Wrede 2018) .
The implications of positive neighborhood attainments-for example, moving from a below-to above-average-educated census tract in the transition to adulthood-are rather more straightforward. Methodologically, active selection into different environments based on genetic background could constitute a concern for research that looks to produce causal estimates of the effects of neighborhood characteristics or for research that seeks to identify GxE interactions. In terms of real-world implications, the sorting of higher-PGS individuals into more favorable social environments could have particular significance in the presence of interaction effects or direct social-genetic effects of the chosen environment. Though we found no evidence of interaction effects in our data, we did see positive associations between neighborhood-based and spatially rendered average PGS measures and degree attainment in particular while also accounting for common school environ-ments, the top 20 principal components related to ancestry, and a suite of other controls. We also found that in nonrural and urban environments, where associations between neighborhoods and educational outcomes is most evident, these results are robust to including measures of friends' PGS for education along with other sensitivity checks.
Although children do not actively select into neighborhood environments as they would friendship networks, there remains the possibility that parents select into neighborhood genetic environments in a way that complicates the interpretation of a putative social-genetic effect. We feel that explicitly modeling school environment as a random or fixed effect helps mitigate these concerns, as school districts would intuitively be the unit that parents care most about when selecting into new environments. We also believe that if tract-level or spatially rendered average PGS were confounded by selection and homophily, then it would be less likely that we would see differences in estimates that stratify based on the built environment. That is, if the social-genetic associations we observe were merely due to the presence of like individuals, we would be less apt to see such stark differences based on urbanicity. Intraclass correlation coefficients indicate that, if anything, there may be more genetic homophily in rural census tracts than urban ones (intraclass correlation coefficient = 0.04 vs. 0.03, respectively), though the clustering is quite modest regardless, and the overlapping standard errors render them statistically indistinguishable. It is also conceptually plausible that if a putative social-genetic effect was actually occurring and not artefactual, we would find that effect to manifest most clearly in areas where people are spatially proximate, and more opportunities for interaction or spillover might occur as a matter of course.
Still, we remain circumspect about the nature of the associations we observe and avoid speculation about mechanisms of action; future research could build on these findings by devising quasiexperimental techniques to more completely address issues of selection and confounding. We also recognize that we restricted analyses to respondents with European ancestry, which reflects a troubling lack of diversity in genetic studies (Sirugo, Williams, and Tishkoff 2019) and the weak predictive power of PGS in other subpopulations. Because we do not include many of the most economically and socially vulnerable populations in our analyses, it is unclear whether the associations we observe manifest in other subsamples or if there are relationships we are missing based on their exclusion.
Conclusion
We descriptively documented systematically different geographic mobility and neighborhood attainment based on PGS for education and found, using siblingdifference models, that genetic propensity for educational attainment suggestively predicts a subset of these outcomes over and above familial and environmental influences. We then examined the possibility for these sorting processes to magnify inequalities through social-genetic pathways and GxE and SGxG interactions. We find social-genetic associations that imply the influence of neighborhood genome but did not find evidence for interactions in our data. If neighborhood genetic environment does constitute an influential factor in outcomes of interest like educational attainment, it could add to our understanding of spatial inequality and stratification and add weight to the implications of residential sorting that we observed.
Methodologically, active selection into different environments based on genetic background introduces a novel wrinkle in the already difficult project of accurately identifying causal peer and neighborhood effects. Indeed, questions of selection lead us to interpret our own putative social-genetic effects with caution, and future research that wields quasiexperimental analytic approaches or leverages newer data can investigate whether these associations indeed constitute a social effect. In terms of practical implications, if such social-genetic effects are not mere artifacts of selection or other methodological idiosyncrasies, then the spatial mobility and neighborhood attainment processes we document could have measurable impacts on social and economic stratification. In this sense, genetic variation at both the individual and social levels can contribute to outcomes over and above factors like parental education or wealth that have customarily been the focus of research in the social sciences. Moreover, an uneven distribution of alleles related to education could signify a new dimension of spatial inequality that is heretofore largely unexamined.
Of course, what a social (or individual) genome constitutes in the first place is a question that remains itself largely unanswered. We think it implausible that PGS for education is totally reducible to intellect or cognitive ability, and it likely captures other skills that are more nebulous but still apparently advantageous in the labor market (e.g., risk aversion and self-control [Heckman 2006]) . A more critical interpretation is that PGS for education captures characteristics that are largely meaningless, like stature, physicality, or even differences in grooming, which could be transactionally valuable in certain social spheres but are mostly orthogonal to concrete skills and ability (Bourdieu 1984) . Whether alleles related to higher education signify cognitive performance or merely reflect an ability to navigate the "rules of the game"-or some combination thereof-our work helps illustrate that both the individual and social genome are factors that future research should account for in mapping out spatial inequality and broader trends in social stratification that are influenced by such phenomena.
Notes
1 Sometimes alternatively referred to in the genomics literature as genetic risk scores or polygenic risk scores.
